Developing automatic diagnostic tools for the early detection of skin cancer lesions in dermoscopic images can help to reduce melanoma-induced mortality. Image segmentation is a key step in the automated skin lesion diagnosis pipeline. In this paper, a fast and fully-automatic algorithm for skin lesion segmentation in dermoscopic images is presented. Delaunay Triangulation is used to extract a binary mask of the lesion region, without the need of any training stage. A quantitative experimental evaluation has been conducted on a publicly available database, by taking into account six well-known stateof-the-art segmentation methods for comparison. The results of the experimental analysis demonstrate that the proposed approach is highly accurate when dealing with benign lesions, while the segmentation accuracy significantly decreases when melanoma images are processed. This behavior led us to consider geometrical and color features extracted from the binary masks generated by our algorithm for classification, achieving promising results for melanoma detection.
Introduction
or lesion regions are textured or when the interior of the lesion exhibit multi-132 colored areas.
133
From the analysis of the literature it can be noted that:
134
• Existing solutions are reliable only when the dermoscopic image shows a JSEG, tends to over-segment the lesion area.
139
• Segmentation results are in most cases obtained by using data sets 140 that are not publicly available, thus making it difficult to perform a 141 quantitative comparison with related work.
142
In this paper, a novel region-based, fully-automatic, and fast segmen- 
Skin Lesion Segmentation

153
Given a dermoscopic image (Fig. 2a) , the goal of the skin lesion segmen-
154
tation process is to generate a binary mask providing an accurate separation 155 between the lesion area and the surrounding healthy skin (Fig. 2b) . The 156 mask can be used for extracting information about the lesion border.
157
We propose an approach called ASLM that is shown in Fig. 3 lation. In the final step, the final lesion area is extracted by combining the 169 two images generated in steps 2 and 3.
170
As shown in Fig. 3 , the dermoscopic image I in input is processed to re-171 move artifacts (e.g., hair) and then equalized to produce an image E, which 172 represents the input for both the skin detection and the lesion segmentation It is possible to test ASLM on-line by uploading any dermoscopic im- of I separately.
197
The artifact removal process tends to highlight reflections and air/oil 198 bubbles in the image, but this does not influence the final mask (see Fig. 4 ).
199
The filtered image F , coming from the artifact removal phase, is processed to get an equalized image E. The equalization step, performed by applying 
Algorithm 1: Skin Detection
Input: RGB equalized image E; thresholds: th cb = 127, th cr = 145, th h = 160, th v = 15 Output: HSV image S Data structures: YCrCb images E and T ; HSV images Z and N
such a reason, in our ASLM algorithm, we adopt a combination of multiple 217 color spaces.
218
The main steps in the skin detection process are shown in Fig. 7 , while
219
Algorithm 1 provides the details. E is converted into the YCrCb color space 220 and the skin region is detected by using a thresholding on the luminance and 
where p is an HSV pixel ∈ t with values (h p ,s p ,v p ) and n is the total number of pixels in t R ← R ∪ < a, l, x, y, z > l ← l + 1 foreach pair of adjacent tuples r 1 :< a 1 , l 1 , x 1 , y 1 , z 1 > and 
Lesion Segmentation
236
The process of extracting the contours of the lesion area is shown in
237
Algorithm 2. It is derived from the method proposed in [31] and comprises 238 four main steps (see Fig. 8 ). The image E is filtered along the Red, Green and Blue channels separately Delaunay.
260
The connected line segments are passed as input to the Delaunay function the regions where the number of edges is high.
272
The triangular graph is segmented by using a Region Association proce- The C++ source code for the image segmentation procedure is available images S B and L B by using the above listed parameters. 
Experimental Results
323
The experimental validation for the ASLM method has been conducted 
342
For each image, the ground truth data include the following information: Figure 12 : ASLM results on PH 2 images IMD046 (common nevus, first row), IMD048 (atypical mole, second row) and IMD058 (melanoma, third row).
• A ground truth binary image, manually generated by expert dermatol-344 ogists, containing the skin lesion area;
345
• Clinical and histological diagnosis;
346
• Dermoscopic criteria.
347
In particular, in the provided ground truth binary image, the pixels with of true positive pixels, F P is the number of false positive pixels, T N is the 386 number of true negative pixels, and F N is the number of false negative pixels 387 (see Fig. 13 ). The chosen metrics are widely used in the literature to measure 388 the performance of skin lesion segmentation methods [39] .
389
Sensitivity = T P T P + F N
(1) where n is the total number of images and: merging, in case of over-segmentation, the correctly detected lesion regions.
397
ASLM is a fully-automatic method and no adjustments to the generated 398 binary mask have been performed.
399
Since the dermoscopic images in PH 2 are labeled according to their med- 
408
The same behavior can be observed by considering the segmentation per- formance on the 80 images of atypical moles only (see Table 4 ). In such 410 a case, the ASLM method performs better than the other six considered 411 containing melanomas are processed (see Table 5 ). In particular, ASLM 419 presents the larger decrease among all the considered methods in the average 420 accuracy, which becomes rather low (i.e., 0.6615) when compared to the 421 accuracy obtained on all the PH 2 images (i.e., 0.8024 -see Table 2 ). The analysis of the segmentation results generated by evaluating the three 436 classes of nevi separately leads to the following considerations:
409
437 Figure 14 : ASLM results on PH 2 melanoma images IMD088 (streaks, regression areas, blue-whitish veil), IMD284 (blue-whitish veil, second row), IMD405 (blue-whitish veil), IMD419 (blue-whitish veil), IMD424 (streaks, blue-whitish veil), and IMD425 (regression areas, blue-whitish veil).
1. For benign lesions (i.e., common and atypical nevi), the average accu- image with all holes filled in.
466
• Solidity: Scalar specifying the proportion of the pixels in the convex 467 hull that are also in the region. It is computed as Area/ConvexArea.
468
The above listed features have been selected since they can be used to 469 measure the border irregularity. Fig. 15 shows the results obtained by plot- In addition to the three above described geometrical features, three 16- 
Classification Results
488
For classifying the binary masks, we decided to train four classifiers: (i) We tested the proposed classification methods by adopting the implementation provided by Weka [42] and a leave-one-out approach: The classifiers are trained by using all the images except one, which is used for testing. Then, the process is repeated by changing the test image. The parameters of each classifier have been automatically chosen by Weka. The metrics selected for calculating the goodness of the classification process have been: sensitivity, specificity, precision, and F-measure. Sensitivity, Specificity and F-measure have been computed as described in Section 4, while Precision, that represents the fraction of retrieved instances that are relevant, has been calculated as follows:
The obtained results, reported in color different from the surrounding one and it generates a binary mask that 548 presents a lesion area that is smaller than the actual one.
549
The particular ASLM characteristic of being sensitive to images contain- Imag. and Graph., 36(7):572-579, 2012. 
